Aims To identify gestational diabetes mellitus exposure-associated DNA methylation changes and assess whether such changes are also associated with adiposity-related outcomes.
Introduction
With obesity now affecting one in five children in the USA and gestational diabetes mellitus (GDM) increasing among all racial and ethnic groups, it is becoming increasingly important to understand how events that happen early in life, even before birth, can alter the obesity trajectory of individuals [1] . The fetal over-nutrition hypothesis posits that the intrauterine environment of diabetic and obese pregnancies may permanently alter the offspring's long-term risk of obesity and metabolic diseases, through developmental programming [2] . This risk is hypothesized to operate through permanent changes in cell and tissue structure and function induced by changes in expression of target genes. Epigenetic modifications are mediators of the effect of the environment on gene expression and are likely to be a crucial mechanism involved in these processes.
The epigenome is particularly susceptible to alterations during gestation because the DNA synthesis rate is high and the DNA methylation patterning required for normal tissue development is established during this period. In fact, previous studies have demonstrated an association of DNA methylation changes with in utero GDM exposure in maternal peripheral blood [3] , cord blood [4] [5] [6] [7] , placenta [3, 5, [8] [9] [10] and offspring peripheral blood DNA [11] . Importantly, changes in the epigenome are also hypothesized to play a role in later-life disease susceptibility [12] . Accordingly, DNA methylation changes have been associated with Type 2 diabetes [13] [14] [15] and obesity [16] [17] [18] .
We aimed to identify GDM-exposure-associated DNA methylation changes and assess whether such changes are also associated with adiposity-related outcomes, using a sample of participants from the EPOCH (Exploring Perinatal Outcomes in Children) study in Colorado, and sensitive measures of childhood adiposity and fat distribution using state-of-the-art techniques. While a number of previous studies have identified DNA methylation changes associated with GDM, only one other study to date has tested the association of these epigenetic marks with childhood adiposity-related outcomes [11] .
Methods
In the following sections, we provide an overview of the methods and details are given in the Supporting Information (File S1).
Study populations

EPOCH
The EPOCH study is a historical prospective cohort that enrolled children aged 10.5 years, on average, who were exposed (n=100) or not exposed (n=504) to maternal GDM during their intrauterine life [19] . Previously, we found that exposure to maternal GDM was associated with multiple adiposity markers and a more centralized fat distribution pattern [19] . The present analysis included a sample of 285 mother-child pairs: 81 offspring who had been exposed to maternal GDM during intrauterine life and 204 unexposed offspring, frequency-matched on age and sex.
Healthy Start
Because of a lack of cord blood sample availability in the EPOCH cohort, our analysis also included 31 GDM-exposed and 64 unexposed babies (frequency-matched on age and sex) enrolled in the Colorado Healthy Start, a prospective pre-birth cohort that used the same methods for assessment of GDM exposure [20] and that had cord blood samples available.
Exposure definition
Physician-diagnosed maternal diabetes status was ascertained from the Kaiser Permanente perinatal database, as previously described [19] . At 24-28 weeks, all pregnant women were offered screening for gestational diabetes with a 1-h, 50-g oral glucose tolerance test (OGTT). Women with a value ≥7.7 mmol/l were asked to undergo a 3-h, 100-g diagnostic OGTT. Gestational diabetes was diagnosed when two or more glucose values during the diagnostic OGTT met or exceeded the criteria for a positive test [21] . Exposure to diabetes in utero was defined as maternal diabetes diagnosed during the index pregnancy.
Measures of childhood adiposity and fat distribution
Childhood height and weight were measured in light clothing and without shoes, and BMI was calculated as weight (kg)/ height (m 2 ). Waist circumference was measured according to the National Health and Nutrition Examination Survey (NHANES) protocol. Skinfold thickness was measured in triplicate using Holtain calipers and averaged. The ratio of subscapular to triceps skinfold thickness was calculated to assess regional differences in subcutaneous fat distribution. MRI of the abdominal region was used to quantify visceral adipose tissue and subcutaneous adipose tissue with a 3-T HDx Imager (General Electric, Waukashau, WI, USA).
Laboratory analyses of adiposity-related markers
Blood samples were drawn after an overnight fast for measurement of glucose (measured using the Olympus AU400 advanced chemistry analyser system), insulin (measured by a radioimmunoassay method), adiponectin and leptin (measured with enzyme-linked immunosorbent assay kits). Homeostatic model assessment of insulin resistance (HOMA-IR) was calculated as fasting glucose [(mmol/l) 9insulin (pmol/l)]/156.3.
Genome-wide methylation assessment
We measured genome-wide DNA methylation using Illumina's Infinium Human Methylation 450k BeadChip on bisulfite-treated samples using published methods [22] .
Data quality controls
We performed several quality control steps that are standard in the analysis of Illumina 450k array data, as previously published [22] . We removed probes with high detection P What's new?
• We identified DNA methylation changes in childhood that are influenced by in utero exposure to gestational diabetes mellitus (GDM).
• Some of the GDM-associated DNA methylation changes also have an effect on childhood adiposityrelated outcomes.
• This study adds to the growing body of evidence that DNA methylation is affected by GDM exposure.
• These findings also suggest that epigenetic marks may provide an important link between in utero exposure to GDM and childhood obesity.
ª 2018 Diabetes UK values (443), probes with fewer than three beads in at least 10% of the samples (510), probes with known singlenucleotide polymorphisms (SNPs) within the CpG motif (17415), and cross-reactive probes (29 233) [23] . We removed one sample with low median intensity and two samples with inconsistency between reported and methylation-predicted sex. Two samples that were >3 standard deviation points away from the mean of the top principal component were also removed.
Overview of DNA methylation analyses
The overall analytical strategy for analysis of DNA methylation data is presented in Fig. 1 . In all analyses of epigenetic data, we adjusted for child age, sex and race/ethnicity. We estimated and adjusted for cell counts in whole blood to characterize methylation changes as those that are attributable to the presence of different proportions of cell types in peripheral blood vs those that are inherently differentially methylated in cells. Differentially methylated positions (DMPs) were prioritized using a combination of our own data and published DNA methylation changes associated with GDM exposure at birth. Differentially methylated regions (DMRs) were prioritized using pathway enrichment analysis; this strategy was used in the case of DMRs because of the large number of significant associations. Prioritization was followed by pyrosequencing analysis for technical validation of GDM-associated epigenetic marks and testing for association with adiposity-related outcomes. To maximize power for detecting associations with adiposity outcomes, pyrosequencing was performed on the same 81 GDM-exposed offspring used for the genome-wide methylation assessment and 204 unexposed offspring, consisting of 81 used in the genome-wide assessment and an additional 123 unexposed offspring; this provided a~2.5 ratio of unexposed to exposed participants included in further analyses.
Statistical analysis of DNA methylation data
Data from the methylation array were normalized using the stratified quantile method and batch-corrected. Linear regression models were used to test for association between CpG sites and GDM exposure, adjusting for child sex, child age (in the EPOCH cohort) and child race/ethnicity. We ran two sets of models, adjusting or not adjusting for cell proportions in peripheral or cord blood. DMPs were identified by calculating false discovery rate (FDR)-adjusted P values, from linear model P values using the method of Benjamini and Hochberg. DMRs were identified with DMRCate software using the same model and covariates as the DMP analysis. Linear regression analyses were also conducted to test for associations between childhood adiposity outcomes and pyrosequencing methylation data, with childhood outcomes as the dependent variables, while adjusting for child sex, child age, child race/ethnicity and Tanner stage.
Network and enrichment analyses
We used the Network Analyst and GeneMANIA servers to perform network analysis, and the GREAT webserver for enrichment of functional gene categories.
Pyrosequencing
Bisulfite-converted DNA was PCR-amplified using primers designed in the Pyromark Assay Design Software (Qiagen, Germantown, MD, USA), with details of the assay and quality control previously published [22] . PCR and sequencing primers are listed in Supporting Information Table S1 .
Results
The characteristics of the EPOCH participants included in the present study are shown in Table 1 . These characteristics are representative of the entire EPOCH cohort (Table S2 ) [19] . After adjusting for child age, sex, race/ethnicity and batch effects, and removing probes with known SNPs at the CpG motif, we identified 105 CpG sites associated with GDM exposure [false discovery rate (FDR)-adjusted P <0.1; Fig. 2A and Table S3 ]. Of the 105 loci, 55 remained significant at this same FDR value after adjustment for cell proportions. Furthermore, analysis adjusted for cell proportions identified 43 additional significant DMPs (FDRadjusted P <0.1) that were not significant in the unadjusted analysis ( Fig. 2B and Table S3 ). The median (range) absolute percent methylation change between exposed and unexposed children was 1.1 (0.44-5.0)%, with an almost equal number of hypo-and hypermethylayed loci (56% hypomethylated). The distribution of CpG sites in relation to genes is roughly equal in gene promoters and gene bodies (Table S3 ). Proteinprotein interaction analysis, using Network Analyst, of the genes nearest to the 91 GDM exposure-associated DMPs after adjustment for cell proportions identified several of the differentially methylated genes as hubs in a significant protein-protein interaction; this includes transcription factors CEBPG, CALCOCO2 (NDP52) and E2F6, protein kinases MAP3K11, NTRK1, PRKCE and RYK, and methyltransferases EHMT1 and SHMT1 (Fig. 3) . We performed an additional network analysis using GeneMANIA, which showed that all genes except for three are connected based on gene co-expression (58%), physical interactions (32%), genetic interactions (7%), co-localization (1%), shared protein domains (1%) and prediction (1%; Fig. S1 ). These results suggest that our analysis identified a module of epigenetic marks, rather than multiple unrelated methylation changes, that are likely to act in concert in affecting gene expression as a result of in utero exposure to GDM.
We next prioritized DMPs for pyrosequencing using several criteria, namely, strengths of association and effect size, network analysis, analysis of cord blood and previous publications. We first selected three loci based on strength of statistical association and magnitude of methylation change: PTPRN2 as the most significantly associated with GDM exposure, NPHP4 as the most hypomethylated locus and DAPL1 as the most hypermethylated locus. Secondly, we examined whether the GDM exposure-associated DMPs were also differentially methylated in cord blood from our Healthy Start pre-birth cohort. Two EPOCH GDM-associated DMPs with FDR-adjusted P<0.2 were identified: E2F6 and PTPRN2 (Table S4) . Based on the presence in both network analyses (Fig. 3 ) and this analysis of Healthy Start cord blood, the E2F6 transcription factor locus was prioritized. We next examined DNA methylation loci/genes that have been previously identified as associated with GDM exposure in maternal peripheral blood [3] , cord blood [4] [5] [6] [7] and placenta [3,5, [8] [9] [10] , as well as those associated with Type 2 diabetes [13] [14] [15] and obesity [16, 17] . This analysis showed that 27 of the genes associated with GDM exposure in EPOCH have been previously identified as associated with GDM exposure (16 genes), Type 2 diabetes (11 genes) and obesity (three genes; Table S5 ). Among these, differential methylation of PTPRN2 and SH3PXD2A has been associated with GDM in cord blood [5] and placenta [5, 8] , as well as Type 2 diabetes in pancreatic islets [14] . SH3PXD2A was therefore prioritized for pyrosequencing validation in addition to PTPRN2, which was already included based on strength of association criterion. We prioritized an additional gene based on network analysis (SHMT1) and another two based on overlap with previous studies (RNF39 and ST5) because of their potential functional relevance. This resulted in a total of eight genes prioritized for pyrosequencing validation based on DMP analysis.
Because differential methylation is often regional, meaning that multiple CpG sites in a genomic region are differentially methylated, we also identified DMRs. Using the DMR finding algorithm DMRCate, there were 2195 DMRs (FDR-adjusted P <0.05) after adjustment for child age, sex, race/ethnicity, cell proportions, and batch effects (Table S6) . GDM exposure-associated DMRs consist of a median (range) of 5 (2-80) probes and 44% of the DMRs have consistent directionality of methylation changes across the majority of probes (>80% ; Table S6 ). Of the 2195 DMRs, 1264 (58%) were hypomethylated in GDM-exposed compared with GDM-unexposed offspring, with a median (range) absolute change in methylation of 1.3 (0.2-15.5)%.
Prioritization of the large number of DMRs using the same strategy as we used for DMPs was impractical; instead we used enrichment analysis of nearby genes, which is often used in genome-wide studies. The set of DMRs compared with a background region set representing the array contained 3638 and 17 675 nearest genes, respectively. At an FDR-adjusted P value < 0.05, the top Gene Ontology Biological Processes were related to development and transcription regulation (Table S7 ). We then examined individual genes within these categories and identified those with search terms 'insulin', 'diabetes' or 'growth' in PubMed abstracts, which narrowed the list down to eight genes with 15 associated DMRs, many of which were transcription factors. We selected two transcription factors for pyrosequencing, ISL1 because it binds to the enhancer region of the insulin genes and regulates insulin gene expression [24] and POU5F1 because it has been identified as a Type 2 diabetes genetic susceptibility locus by a transethnic genome-wide association study meta-analysis [25] ; this brings the total number of genes selected for pyrosequencing to 10. We next employed pyrosequencing to validate selected GDM exposure-associated CpG sites and to test association with adiposity-related outcomes. Primers for pyrosequencing FIGURE 2 Manhattan plots of differentially methylated positions (a) before and (b) after adjustment for cell proportions. q values are plotted, calculated from P values from the linear model that tested association of CpG sites on the Illumina 450k array with gestational diabetes exposure, adjusting for child sex, child age and child race/ethnicity. Blue line represents q<0.05 (5% false discovery rate [FDR] ) and red q<0.1 (10% FDR).
were successfully designed for nine of the 10 genes. Association with GDM exposure was validated for five of the nine (56%) genes: DAPL1 (three CpGs in two separate DMPs), POU5F1, PTPRN2, RNF39 and SHMT1 at the FDRadjusted P value <0.05 significance threshold. Additionally, SH3PXD2A approached significance with P<0.1 (Table 2) .
We next tested for an association between DNA methylation in these six genes and 12 adiposity-related outcomes collected in the EPOCH cohort at the same visit as the blood draw (Table 3) while adjusting for child age, sex, race/ ethnicity, Tanner stage and pyrosequencing plate. This analysis showed that methylation at the DMP in SH3PXD2A is significantly (FDR-adjusted P<0.05) associated with multiple adiposity-related outcomes: BMI, waist circumference, triceps, suprailiac and subscapular skinfold thickness, subcutaneous adipose tissue and leptin levels (Table 3) . Additionally, association of SH3PXD2A methylation with visceral adipose tissue approached statistical significance (FDR-adjusted P<0.1). DNA methylation in E2F6 was also associated (FDR-adjusted P<0.05) with fasting insulin and HOMA-IR (Table S8) .
Discussion
In the present study we identified DNA methylation changes in childhood that are influenced by in utero exposure to GDM, with some of the GDM-associated DNA methylation changes also having an effect on childhood adiposity-related outcomes. These findings suggest that epigenetic marks may provide an important link between in utero exposure to GDM and childhood obesity, and adds to the growing body of evidence that DNA methylation is affected by GDM exposure.
Previous studies have identified DNA methylation changes associated with GDM during pregnancy [3] and at birth [3] [4] [5] [6] [7] [8] [9] [10] . More recently, a study in PIMA Indians identified DNA methylation marks influenced by in utero exposure to GDM in offspring peripheral blood, and showed that some of these methylation marks also influence insulin secretory function and BMI [11] . The present study was the first to identify GDM-exposure-associated DNA methylation changes that are also associated with measures of childhood adiposity and fat distribution collected using state-of-the-art techniques. Epigenetic marks we identified differed from those identified by the PIMA Indian study [11] , probably because of differences in population (i.e. racial/ethnic background), methodological approach and focus on different outcomes.
DNA methylation changes associated with GDM exposure were in genes that are related to each other by multiple network and pathway analyses, suggesting that our study identified modules of differential methylation that are more ª 2018 Diabetes UK likely to be biologically relevant than unrelated genes. By using the Healthy Start cord blood data and published GDMassociated DNA methylation changes at birth (in cord blood and placenta [3-10]) for prioritization of DNA methylation changes identified in this report, we attempted to reduce confounding by postnatal exposures. Our results are in concordance with previous reports that have shown both hypo-and hypermethylation of specific genes in GDM exposure [3] [4] [5] [6] [7] [8] [9] [10] . Similarly, GDM-associated DNA methylation marks were equally distributed in the gene promoters and gene body [26] . Methylation changes we identified in peripheral blood are small in magnitude but may be reflective of larger changes in target tissues. Alternatively, they may be small because of the presence of multiple cell types in whole blood; however, further studies will be needed to demonstrate this. Regardless, small methylation changes have been shown to have an effect on transcription and are viewed as important in children's health [27] .
Of the prioritized genes, DNA methylation in SH3PXD2A was associated with several measures of childhood adiposity and fat distribution in the EPOCH cohort. SH3PXD2A, also known as TKS5, is an adapter protein involved in invadopodia/podosome formation. SH3PXD2A hypomethylation (same direction as in our study) has been associated with GDM exposure in cord blood at birth [5], and with Type 2 diabetes in pancreatic islets [14] . Moreover, SH3PXD2A is hypomethylated and overexpressed in the placenta of preeclamptic pregnancies [28] . Finally, a CpG site within its homologue SH3PXD2B has also been shown to be hypomethylated in severe childhood obesity [29] . While the biological function of SH3PXD2A involvement in diabetes and obesity is unclear at this time, these multiple studies strongly suggest that it may be a crucial player in molecular mechanism(s) of metabolic disorders.
The main strength of the present study was the availability of sensitive measures of childhood adiposity and fat distribution using state-of-the-art techniques. An additional strength of our approach was the complementary use of single CpG and regional analyses, as previously reported in other diseases [22] . The main limitations were the use of Table 2 Pyrosequencing validation of selected CpG sites identified as differentially methylated in offspring exposed to gestational diabetes (GDM) vs offspring not exposed to GDM, stratifed by differentially methylated position and differentially methylated region analysis peripheral blood for assessment of DNA methylation and unavailability of cord blood sample in the EPOCH cohort. We mitigated these limitations by estimating cell proportions for methylation data and adjusting for them in statistical models, profiling cord blood from Healthy Start, and using available published data in placenta and adipose tissue to prioritize GDM-associated methylation marks for further investigation. However, prospectively obtained data at birth and later in life, with replication across other cohorts, will be needed to conclusively validate our findings. A large epigenome-wide association study of BMI showed that the associations of methylation with BMI were independent of variation in cell subset composition and replicated in both isolated white blood cells and isolated adipocytes [18] . Furthermore, Type 2 diabetes-associated methylation changes in peripheral blood have been shown to be on the causal pathway to disease later in life by using genotype as an anchor for causality [30] . Another limitation that restricts biological interpretation of GDM-associated methylation changes is unavailability of RNA for gene expression profiling. Our ongoing analysis using the second EPOCH visit (on average, at 16 years of age) will allow us to test stability of GDM-associated methylation marks and their impact on gene expression. Since this is an observational analysis, causality cannot be inferred with certainty. We are currently exploring the use of mediation and two-step Mendelian randomization analyses to further address this issue. Similarly, the present study did not address the influence of maternal pre-pregnancy BMI on GDMassociated methylation marks. We did not adjust for pre-pregnancy BMI in our models because such adjustment may obscure the effects we are trying to assess, i.e. effects of in utero exposure to hyperglycaemia on cord blood DNA methylation patterns, because obese pregnancies have higher glucose levels than non-obese ones, even if some are below the threshold used to diagnose GDM [31] . Future mechanistic studies in cell and animal models will be needed to delineate the effects of these related variables. Despite these limitations, identification of GDM-associated DNA methylation changes that are also associated with adiposity-related outcomes is a significant advancement in the field. Epigenetic marks may provide an important mechanistic link for the association between in utero exposure to diabetes and development of obesity and Type 2 diabetes later in life. Moreover, given that epigenetic marks are reversible and that locus-specific epigenetic therapies are being developed, methylation changes identified in the present study may become important therapeutic targets. Maternal gestational diabetes is associated with genome-wide DNA 
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